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Abstract
Aims Dehesas are agroforestry systems characterized
by scattered trees among pastures, crops and/or fal-
lows. A study at a Spanish dehesa has been carried out
to estimate the spatial distribution of the soil organic
carbon stock and to assess the influence of the tree
cover.
Methods The soil organic carbon stock was estimated
from the five uppermost cm of the mineral soil with high
spatial resolution at two plots with different grazing
intensities. The Universal Kriging technique was used
to assess the spatial distribution of the soil organic
carbon stocks, using tree coverage within a buffering
area as an auxiliary variable.
Results A significant positive correlation between tree
presence and soil organic carbon stocks up to distan-
ces of around 8 m from the trees was found. The tree
crown cover within a buffer up to a distance similar to
the crown radius around the point absorbed 30 % of
the variance in the model for both grazing intensities,
but residual variance showed stronger spatial autocor-
relation under regular grazing conditions.
Conclusions Tree cover increases soil organic carbon
stocks, and can be satisfactorily estimated by means of
crown parameters. However, other factors are involved
in the spatial pattern of the soil organic carbon distribu-
tion. Livestock plays an interactive role together with
tree presence in soil organic carbon distribution.
Keywords Agroforestry systems . Universal Kriging .
Spatial variance partition . Soil C . Tree effect
Introduction
Dehesas are traditional agro-silvo-pastoral ecosystems
of the Iberian Peninsula, which are adapted to the un-
predictability of the Mediterranean climate (Joffre et al.
1999). These multipurpose systems are the most widely-
extended European agroforestry system, covering at
least 4 million hectares in central and south-western
Spain (Barba et al. 2008; Moreno and Pulido 2008).
Overstorey of the dehesa is derived from original denser
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forests which were progressively thinned, causing a
savannah-like landscape. Dehesa ecosystem is charac-
terised by the presence of Mediterranean trees intermit-
tently distributed without a regular pattern and has
grasslands/pastures, crops, and fallows as understorey,
usually in a rotation scheme (Carreiras et al. 2006; Joffre
et al. 1999; Pinto-Correia 1993). The presence of live-
stock and shrubs and the crop-fallow cycles shows
variations both between and within years. In contrast
to this temporal variability, the tree layer is constantly
present, providing stability and constituting a key factor
for the understanding of ecosystem mechanisms
(Moreno et al. 2007; Moreno and Obrador 2007).
Trees in dehesa systems induce positive effects on
physical soil features (Joffre and Rambal 1988) and on
soil organic matter properties (Gallardo 2003; Joffre et
al. 1999; Moreno et al. 2007). In savannah-like ecosys-
tems, such as dehesas, isolated trees provide a more
comfortable and nourishing site for livestock than open
areas. Similarly, growth conditions for grasses are usual-
ly more favourable below the tree crowns (Gea et al.
2009), since high radiation and temperature stress are
mitigated (Li et al. 2008). Moreover, isolated trees pump
nutrients from deep soil horizons (Young 1997) and from
areas laterally distant from the trunk (Scholes and Archer
1997), which are then recycled via leaf litter (Escudero et
al. 1992; Gallardo and Merino 1998). Thus, trees drive
litterfall inputs, livestock manure and rainfall distribu-
tion, soil temperature, and consequently they shift soil
microbial quantity and activity. However, the extent to
which the tree layer influences the soil organic carbon
(SOC) stocks in dehesas is still poorly understood.
The potential of agroforestry systems in C sequestra-
tion is widely accepted (Garrity et al. 2006). In these
ecosystems, aboveground biomass is relatively low com-
pared to closed forests, and the greatest proportion of C is
stored belowground (FAO 2004). Nevertheless, dehesas
have scarcely been included in large-scale studies to
assess the SOC sequestration capacity (Rodríguez-
Murillo 2001; Rovira et al. 2007). The spatial heteroge-
neity of dehesas, their complex management, and their
generally low SOC contents (Rodeghiero et al. 2011)
may be the reason for this scant attention. However, such
a vast managed system, located in an area which is
highly sensitive to climate change (IPCC 2007), clearly
requires a more accurate knowledge of its SOC seques-
tration capacity in order to ensure a better understanding
of its role in mitigating global climate change through
soil conservation and management.
As geostatistical analyses are able to characterise the
spatial continuity of a regionalised variable, kriging
techniques have beenwidely used to analysed the spatial
distribution of soil attributes, such as the concentration
of contaminants (Goovaerts 1999). The spatial variance
of the variable is modelled through the variogram,
which is used to calculate the optimal weights for the
observed values in order to predict the value of the
variable of interest at an unsampled point. In univariate
kriging techniques the accuracy depends on sample size,
sampling configuration, and the degree of spatial corre-
lation of the primary variable of interest (Gotway and
Stroup 1997; Laslett et al. 1987). Universal Kriging can
be considered a spatial regression method (Stein and
Corsten 1991) which provides the optimal linear model
to incorporate auxiliary information in data analysis in
the presence of spatial dependence of observations
(Cressie 1993). Often, the aim is to identify the sources
originating the spatial variation observed in ecological
processes (Borcard et al. 1992; He et al. 1996). The
spatial variability associated with the explanatory varia-
bles can be determined from variogram and the under-
lying function on the explanatory variables of the
Universal Kriging model (Montes and Ledo 2010).
Different SOC approaches have been carried out at field
scale using exhaustive secondary information such as
terrain index (Mueller and Pierce 2003), remote sensing
(Chen et al. 2000; Lark 2000), or other soil and envi-
ronmental information. However, in dehesas, where
trees play an important role in the C cycle, the presence
and distribution of trees should be considered to assess
the distribution of SOC stocks.
The objectives of this study were to quantify the SOC
stock (g · m-2) of the five uppermost cm of the mineral
soil and to assess the influence of the tree cover on the
spatial distribution of SOC in a dehesa system. We
hypothesised that the spatial pattern of the SOC stock
in a dehesa is mainly driven by the spatial distribution of
the tree layer, given that trees exert a strong influence on
litterfall rates and environmental conditions for grasses
development and soil microbes activity.
Material and methods
Study site
The study was carried out in a dehesa, located at the
experimental station ‘CIA Dehesón del Encinar’ in
538 Plant Soil (2013) 366:537–549
Oropesa (Toledo, central Spain) (39°59′ N, 5°6′ W)
(Fig. 1a), at 350 m above sea level, and with gentle
slopes (2 %). The climate is Mediterranean continental
with mild winters and a severe summer drought. Mean
annual temperature recorded (1988–2007) at the site is
around 15.1 °C and the annual rainfall averaged
607 mm. Soils are classified as Haplic luvisol and
Haplic cambisol (IUSS Working Group WRB 2007),
moderately acidic, with low SOC content and a sandy
topsoil. An exploratory soil survey carried out in the
study area consisting of 32 soil samples taken from the
uppermost 5 cm (16 under tree cover and 16 outside)
showed that the characteristics of the uppermost soil
horizon changed depending on tree crown projection
(Table 1). The grass layer yield was measured in 30
squared plots of 0.25 m2 located across the study area
for 2 years. Grass layer in the dryer year (530 mm)
ranged from 5.8–25.2 to 39.3–51.2 g C m-2year-1
beneath and beyond the crown projection, respective-
ly. In the more humid year (830 mm), however, yields
were 69.5–108.8 and 65.9–104.3 g C m-2year-1, re-
spectively. Aboveground litterfall rates (± standard
Fig. 1 Location of the
experimental farm ‘Dehesón
del Encinar’ (Toledo) in
Spain, and location of the
study plot (white square)
Plant Soil (2013) 366:537–549 539
deviation) were 932 (± 425) g C m-2year-1 below the
tree crowns, litterfall being negligible in open areas
between the trees.
The study was conducted in two plots (Fig. 1b) under
different sheep grazing intensities: a 100×100 m plot
regularly grazed (hereafter RG), which carried a 3.5
sheep·ha-1 equivalent grazing intensity from mid-April
to June, and a 72×100 m plot occasionally grazed
(hereafter OG), where similar grazing intensity is inter-
mittently distributed across the whole year (Fig. 1b).
The grass layer vegetation comprises subnitrophilous
pastures of the Sisymbrietalia officinalis R.Tx. order at
the RG plot and annual pastures included in the Tuber-
arietalia guttatae Br.-B1. order at the OG plot. Both
plots have a scattered tree layer consisting of Holm oaks
(Quercus ilex subsp. ballota (Desf.) Samp.).
Sampling design
61 points were randomly established at RG and 231 at
OG. Soil samples were taken from the top 0–5 cm
after removing stones, visible plant roots and litter
from the surface layer. This depth was chosen on the
basis of previous studies (Rodeghiero et al. 2011)
which reported that SOC stocks in deeper layers were
significantly lower than in the uppermost 5 cm. At
each sample point, three soil cores were collected
using a steel cylinder (5 cm diameter, 5 cm height)
and soil samples were appropriately transported to the
lab.
The diameter, crown and height of every tree in the
plot were measured, as well as their geographical
position in the respective plots with an accuracy of
10 cm. The main tree features are shown in Table 2.
Soil analysis
Soil bulk density (g·cm-3) was assessed through the
extraction of undisturbed soil cores in accordance with
Blake and Hartge (1986). The Loss On Ignition meth-
od (Nelson and Sommers 1996) was used to estimate
the soil organic matter content, measuring the loss of
weight after ignition with a furnace-oven at 405 °C for
4 h. 20 % of the samples were in addition analysed
with a total organic carbon analyser (TOC-5000, Shi-
madzu Corporation, Kyoto, Japan), equipped with a
solid sample module (SSM-5000, Shimadzu Corpora-
tion). Thus, 54 % of the soil organic matter was
considered SOC for both plots (R200.99). Fine earth
content (< 2 mm) was assessed at around 88.4 % (RG)
and 81.6 % (OG), soil bulk density at 1.3 g·cm-3 (RG)
and 1.1 g·cm-3 (OG) and SOC content at 17 g·kg-1 (RG)
and 18 g·kg-1 (OG). Finally, the SOC stocks (g·m-2)
were calculated using the constant mass approach in
which SOC stocks are compared in terms of equal
mass instead of equal depth (Ellert and Bettany 1995).
The heaviest sample from each plot was used as the
mass reference. Further information can be found in
Table 3.
Assessment of the spatial correlation between the SOC
and the tree pattern
In order to identify the scale of the spatial correlation
(positive or negative) between the tree distribution in
the experimental plot (a spatial point process) and the
Table 1 Mean and standard deviation of soil properties in the top 5 cm of soil beneath tree crown (n016) and beyond the influence of
the tree (n016) in the studied dehesa
Zone pH (H2O) pH (KCl) Fine earth (%) SOC (gkg
-1) N (gkg-1) C:N BD (g·cm-3) SOC (g·m-2)
Beneath tree crown 6.1±0.4 5.2±0.5 91.5±5.6 34.2±12.5. 4.7±1.7 7.4±2.2 1.0±0.1 1263±396
Beyond the tree crown 5.7±0.3 4.4±0.3 93.0±4.3 13.6±0.3 2.4±0.6 5.9±1.0 1.3±0.2 521±133
SOC: Soil Organic Carbon. N: Total Nitrogen; C:N: carbon-nitrogen ratio; BD: Bulk density
Table 2 Main tree characteristics in the regularly grazed plot
and the occasionally grazed plot
Plots
Parameter Regularly grazed Occasionally grazed
Tree density (nº · ha-1) 23.0 41.6
DBH (cm) 59.4±18.4 34.1±19.8
Crown radius (m) 4.3±0.7 4.2±1.3
Tree height (m) 8.4±2.0 8.2±2.0
DBH 0 trunk diameter at breast height (1.3 m height)
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SOC stocks (a sampled continuous variable), the






























where N is the number of trees, n is the number of
samples where the variable was measured, xj is the
value of the variable (SOC) in sample j, is the mean of
the variable in the study area and ωij gives 0 if i tree
and soil sample j are further from each other than
distance d; otherwise, it gives the inverse of the frac-
tion within the plot of a circumference centred on i,
with the radius being the distance from i to j (Goreaud
and Pélissier 1999; Ripley 1977).
The null hypothesis of spatial independence be-
tween the trees and SOC in the experimental plots
was tested by using the toroidal shift model, carrying
out 999 simulations, leaving the tree distribution un-
changed and shifting the SOC values in the sampling
points by a random vector (Wiegand and Moloney
2004). This model allows the spatial independence
between the point process (the tree distribution) and
the sampled variable (the SOC values) to be tested,
taking into account the spatial pattern characteristic of
each. The p-values were calculated in order to test the
significance of the deviation from the null model
(Loosmore and Ford 2006).
Geostatistical analysis
The SOC in the upper soil horizon was modelled using
the Universal Kriging model, which allows the effect
of the trees to be incorporated through known auxiliary
variables for the sampled and unsampled points.





bk fkðs0Þ þ dðs0Þ
where Z(s0) is the value of the variable SOC at loca-
tion s0, fk(s0) are p+1 known auxiliary variables,
which, multiplied by the βk coefficients constitutes
the mean function of the variable Z, and δ(s0) is an
intrinsically stationary zero-mean residual random
process. The auxiliary variable considered to incorpo-
rate the effect of the trees in SOC distribution was the
tree crown cover within a buffer area around the point
(Fig. 2). The width of the buffer was derived from the
correlation distance determined by the Krx(d) function.
The variable was interpolated on a 2×2 m grid
covering both plots. The Universal Kriging predic-
tion p(Z,s0) of the variable Z(s0) is given as a linear
Table 3 Mean ± standard error (SE), min, median and max of some soil properties at the regularly grazed plot (RG) and occasionally
grazed plot (OG) in a Dehesa ecosystem (values from the top 5 cm of the soil profile)
Mean SE Min Median Max
RG OG RG OG RG OG RG OG RG OG
Fine earth content (%) 88.4 81.6 7.5 4.5 60 70 91 81 96 94
BD (g·cm-3) 1.3 1.1 0.1 0.1 1.1 0.7 1.3 1.1 1.5 1.4
SOC (g·kg-1) 17 18 6 6 8 5 15 15 38 48
Fig. 2 Auxiliary variable calculus: method used to quantify the
crown cover within a buffer zone of r radius around the tree
sampling point s0 (white cirle). Dark grey circles represent the
crown projection; the crown cover is calculated as (A1+A2)/pi·r
2
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combination of the values of the variable Z at the
sampled points si (i01…n)
p Z; s0ð Þ ¼
Xn
i¼1
li  Z sið Þ
where each li is the weight for the observed value Z




li  fkðsiÞ ¼ fkðs0Þ k ¼ 0:::p
f0 sið Þ  1 8 i
The spatial autocorrelation of the variable Z can be






dðsiÞ  dðsi þ dÞ½ 2
where N(d) is the number of pairs of data at d distance
from each other, δ(si) is the value that the residual
takes at si location, and δ(si+d) is the value of the
residual at a point which is at d distance from si. The
semivariance as a function of the distance is known as
the variogram bgðdÞ. Restricted Maximum Likelihood
was used to estimate the variogram parameters and the
β coefficients (Harville 1974). The spherical vario-
gram (Goovaerts 1999) was used to model the exper-
imental variograms obtained.
Block Universal Kriging was used to estimate
mean SOC storage both beneath and beyond the
influence of the tree crown and the standard error
of estimation was derived from the Block Universal
Kriging variance σUK
2ð Þ.
As the Universal Kriging model accuracy depends
on the sample, cross-validation is commonly used to
assess the performance of the model because this
technique does not require leaving out of the model
fit any sampled value for the validation data set. The
prediction bias was evaluated through the sum of the




p Z; sið Þ  ZðsiÞð Þ
n
where n is the number of observations and p*(Z, si) is
the prediction of Z(si) leaving out the value observed
at si. SEE should approximate to 0 as our estimations
are unbiased.
In order to assess the fraction of the variance
explained by the auxiliary variables, Montes and Ledo
(2010) proposed the following decomposition of the
spatial variance:
E ZðsiÞ  ZðsjÞ
 2 ¼ 2gðsi  sjÞ þ b1 f1ðsiÞ  f1ðsjÞ
  2
In this variance partitioning approach, the trend in
the variogram of Z (SOC) which is usually linked to
non-stationarity is modelled as a linear combination of
γ (si-sj) (the variogram between locations si and sj of
the zero-mean intrinsically stationary random process
δ (si), which can be estimated through the vario-
gram parameters), and the squared differences of
the explanatory variable f1 (the crown cover within
a buffer of 4 m-width around the sampling point)
multiplied by its respective β1 coefficient. The
empirical variogram of the variable Z(s), given
by 12  NðdÞ
PNðdÞ
i¼1
ZðsiÞ  Zðsi þ dÞ½ 2, which stands
for the total variation of the variable at distance
d, can be decomposed in the fraction of the total
variation explained by bgðdÞ, and the variation
linked to the explanatory variables.
Software employed
The spatial analysis calculations were computed using
several scripts developed by the authors on Visual Basic
© Microsoft Corporation. The prediction maps were
built by using ArcGis 10.0 (ESRI, inc., Redlands, CA).
Results
The Krx(d) function revealed a significant positive
correlation between tree presence and SOC values
(p<0.05) up to distances of approximately 8 m from the
trunks of the trees (Fig. 3) in RG and OG plots. The
correlation peaked around the middle of this interval,
indicating the existence of an influence area around the
trees (probably associated with tree crown cover) where
higher SOC concentrations as well as SOC stocks were
found. Thus, in order to model the effect of tree crowns
on the SOC value at a given point, the coverwithin buffer
area around the point seems to bemore appropriate than a
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linear decrease of SOCwith the distance to the tree trunk.
Since the mean tree crown radius was approximately
4 m in both plots, the buffering distance considered
to incorporate the effect of the trees in SOC dis-
tribution was 4 m (the difference between the
correlation distance determined by the Krx(d) function
and the mean crown radius).
The null nugget effect in the fitted variogram (value
of the variance in the origin) indicated a higher spatial
continuity in the distribution of SOC stocks in the RG
plot than in the OG plot (Table 4; Fig. 4). The range of
spatial autocorrelation (distance at which the variance
becomes stable) of the SOC variable was also larger in
the RG plot (11.3 m) than in the OG plot (7.6 m). The
β1 coefficient for the auxiliary variable reflected the
positive association between the SOC stock and tree
cover (Table 4) in a 4 m buffer around the point. The
spatial pattern of tree cover explains a part of the
spatial variation of the variable SOC. In Fig. 4, the
spatial variance was partitioned among the variance
explained by the auxiliary variable (30 % and 27 % of
the semivariance of the variable SOC stock in RG and
OG respectively), and the semivariance of the residual
Fig. 3 The solid line repre-
sents the Krx(d) function
between the tree pattern and
the SOC sample. The dashed
lines and the dotted lines
represent 97.5 % and 2.5 %
quantiles respectively of the
toroidal rotation null model
for the more regularly
grazed plot (a) and for the
occasionally grazed plot (b)
Table 4 Universal kriging model spherical variogram parame-
ters and mean function coefficients. β0 is the f0ðsÞ  0 coeffi-
cient and β1 is the coefficient of (the tree crown cover in a 4 m
buffer around the point) in the regularly grazed plot (RG) and





range (m) β0 β1 SEE (%)
RG 0 114940 11.3 1130.4 17.9 0.09514
OG 167610 215390 7.6 792.4 24.1 −0.04922
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process, which was embraced by the variogram model.
The empirical variogram of the SOC stock partially
reflected the peaks observed in the variogram of the
auxiliary variable (Fig. 4), indicating that tree cover
drives part of the spatial pattern of the SOC stock. A
noticeable hole effect can be appreciated at distances
around 40 m, particularly in the case of the RG plot
(Fig. 4).
The Block Universal Kriging gave a significantly
higher mean SOC stocks value for the uppermost
5 cm of the mineral soil in the RG plot (1237.1 g
C·m-2) than in the OG plot (1005.4 g C·m-2)
(Table 5). The area influenced by the Holm oak
crowns (i.e. those points located within a 4 m buffer
around the vertical projection of the crown) showed
higher block mean SOC values in the RG (1408.0 g
C·m-2) than in the OG plot (1210.8 g C·m-2). There
were also differences between RG and OG in the SOC
stocks outside crown influence (1131.6 g C·m-2 in RG
and 818.0 g C·m-2 in OG).
The highest SOC values were found beneath the
canopy. Beyond the vertical projection of the crown,
SOC stock values rapidly declined, exhibiting homo-
geneous values in the rest of the area (Fig. 5).
Fig. 4 Empirical variogram
of the variable SOC (g·m-2)
(dots), a fitted spherical var-
iogram which represents the
variogram of the Universal
Kriging model residuals
(solid line), the empirical
variogram of the explanato-
ry variable (crown cover
within a buffer of 4 m-width
around the sampling point)
multiplied by the β1 coeffi-
cient (dotted line) and the
linear combination of the
fitted spherical variogram
and the empirical variogram
of the explanatory variable
multiplied by the β1 coeffi-
cient (dashed line). The
number of pairs of observa-
tions were 16, 64, 122, 136,
194, 246, 226, 226, 282,
264, 260, 212, 276 for 3.5,
7.2, 12.5, 17.2, 22.2, 27.3,
32.4, 37.4, 42.2, 47.4, 52.4,
57.0, 62.4 distance lags re-
spectively in the more regu-
larly grazed plot (a) and
824, 1860, 2356, 3044,
4098, 4176, 4632, 3792,
5138, 4282, 3874, 3168,
3214 for 3.3, 7.7, 12.7, 17.2,
22.2, 27.3, 32.6, 37.3, 42.2,
47.5, 52.3, 57.3, 62.3 in the
occasionally grazed plot (b)
544 Plant Soil (2013) 366:537–549
The SOC estimates obtained using Universal Kriging
show a low bias (mean SEE of 0.09514 % (RG)
and −0.04922 % (OG) in the cross validation analysis,
which indicates the suitability of the proposed model to
characterize tree effect on SOC distribution.
Discussion
Our results revealed a storage capacity of 1050–1237 g
Cm-2 in the uppermost 5 cm of mineral soil alone, while
the SOC stocks in the whole soil profile (125 cm) were
estimated to be as high as 2500 g C m-2 (Rodeghiero et
al. 2011), indicating that roughly 50 % of the SOC is
stored in this thin superficial layer. In comparison to
other ecosystems in Mediterranean areas such as shrub-
lands, broadleaf forests (Rodríguez-Murillo 2001), or
Table 5 Block Universal Kriging SOC mean and standard
errors for the plot, the tree cover buffering area and the area
beyond the tree dripline in the regularly grazed plot (RG) and











mean ± σUK (g·m
-2)
RG 1237.1±39.5 1408.0±43.9 1131.6±48.5
OG 1055.4±40.6 1210.8±40.0 818.0±63.6
Fig. 5 Model of predicted
soil organic carbon (g·m-2)
assessed with Universal
Kriging and using crown
cover as an ancillary vari-
able (drawn with dotted blue
line) within a buffer of 4 m-
width around the sampling
point for the more regularly
grazed plot (a) and for the
occasionally grazed plot (b).
The triangular markers show
the point locations sampled
in the two plots with their
correspondedmeasured value
of soil organic carbon
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Scots pine forests in Spain (Díaz-Pinés et al. 2011;
Schindlbacher et al. 2010), the SOC storage in dehesas
is relatively low (Rodeghiero et al. 2011), although
similar to other Holm oak forests in southern Spain
(Chiti et al. 2012). Furthermore, the highest proportion
of SOC stored in dehesa systems is allocated in the most
sensitive layer, since it is highly exposed to natural or
human-induced disturbances such as livestock manage-
ment or tillage, both common practices in agroforestry
systems.
In dehesas, tree crowns directly control both the grass
layer and soil features (Gea et al. 2009; Gallardo 2003).
Thus, modelling approaches which include the effect of
the tree layer on the spatial distribution of SOC are of
great interest for managing these agroforestry systems.
The results of the present study show that soil beneath
the tree crown has higher SOC stocks in comparison to
open areas. Furthermore, we show that the probable
mechanism which leads to higher SOC stocks is the
crown projection. This can be inferred from the positive
correlation between the SOC stock and the percentage
of tree crown cover, and the positive β1 coefficient
affecting the percentage of tree cover (R4 variable)
(Table 4). Similar effects have been detected in other
systems comprising scattered trees with herbaceous
communities in arid and semiarid environments, where
higher soil organic matter, soil water and nutrient con-
tents have been recorded in the proximity of the trees
(Gallardo 2003; Jackson and Caldwell 1993). In dehe-
sas, tree crowns are the main source of heterogeneity in
soils (Gallardo et al. 2000), so the spatial autocorrelation
range of soil characteristics tends to be linked to crown
size (Gallardo and Maestre 2008). In the present study,
we found that the influence of the trees on soil character-
istics extended beyond the crown projection, which
supports the findings of previous studies (Gallardo
2003). Similarly, Gea et al. (2009) determined that the
influence of trees on the composition of the grass layer
extended up to a distance from the trunk of twice the
crown radius. The Krx (d) function revealed a positive
spatial association between the trees and SOC levels.
This association reaches beyond the vertical projection
of the crown of the Holm oaks by a distance equal to the
crown radius (Fig. 3).
The variograms (Fig. 4) showed that nearly 30 % of
the spatial variability in SOC stock was linked to the
area of influence of the trees. SOC stocks in dehesas
are determined by the balance of inputs (above- and
belowground litterfall, livestock) and outputs (soil
respiration, animal exports). The tree crowns influence
several of these controlling processes and therefore the
effects on SOC stocks may be explained by the aux-
iliary variable incorporated in the Universal Kriging
model. Litterfall (both tree litterfall and grass litterfall)
is the most important in terms of soil nutrient transfer
(Raich and Nadelhoffer 1989). In closed canopy for-
ests, litterfall usually leads to a homogenisation of
soils features (Lister et al. 2000). In our study, the low
tree density leads to soil heterogeneity due to heteroge-
neous tree-litterfall rates (about 1000 g·C m-2year-1
under the oak crown and negligible beyond the crown).
This is coupled with the variability in herbaceous yield
beneath and beyond the crown projection and the be-
haviour of grazers, which is influenced by the tree
presence (Escudero et al. 1985).
Besides the influence of the tree cover on C exports
and imports, a scarce and scattered distribution of trees
implies heterogeneity in the quantity and quality of light,
and the buffering of extreme temperatures (Moreno and
Pulido 2008). Soil water content is also interactively
influenced, depending on the time of day and season.
Therefore, shifts in the micro-climatic environmental
conditions under Mediterranean climate lead to shifts in
plant species composition (Gallardo 2003; Gea et al.
2009) and different grass production under canopy in
comparisonwith open pasture (Moreno 2008). However,
the direction of the interaction between the tree and the
herbaceous layers (positive or negative, i.e. facilitation or
competition) changes temporally and spatially according
to the most limiting ecological factor for plant growth
(Gea et al. 2009). Due to this phenomena coupled with
the small-scale environmental changes, different miner-
alization and humification rates may occur in the upper
horizon of soils below the tree canopy and within a
determined zone of influence beyond the canopy.
Thus, a combination of biotic and abiotic factors
explains the spatial pattern of the SOC stock and the
influence of tree cover identified through our spatial
model. In addition, the variograms of the SOC stocks
revealed a marked hole effect at distances of around
40 m (Fig. 4). This evidence proves a certain period-
icity in the continuity of the studied variable at this
lag (Oliver et al. 1989), which is probably related to
the distribution pattern of tree groups. These results
agree with preliminary results of research concerning
the distribution of individual trees, in which the mean
distance between Holm oak clusters was found to be
around 40 m (unpublished).
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In addition to the influence of tree distribution, the
observed spatial structures of SOC stocks distribution
exhibited intrinsic variability due to local phenomena
and other combined processes (physical, chemical or
biological) interacting at different scales. The method
used in this study for partitioning the variance (Montes
and Ledo 2010), shows that 70 % of the SOC vari-
ability is due to residual spatial autocorrelation, which
extends up to 11.3 m in RG and 7.6 m in OG. The
non-spatial variability, defined by the nugget, accounts
for 30 % of the variability in the OG plot, whereas is
negligible in the case of RG, probably due both to the
lack of sampling locations at very short distances and
the higher spatial continuity of SOC in this plot. The
residual spatial autocorrelation may be due to factors
not directly dependent on tree layout, such as soil
texture, soil structure, soil pH or water availability
(Kirschbaum 2000), but which affect the quality of
the SOC and the soil microbial community quantity
and activity (Kandeler et al. 2005). Scale-dependent
relationships are common in soil science, as many soil
properties result from the same underlying processes
interacting at different scales (Gallardo et al. 2000;
Gallardo and Covelo 2005). These properties subse-
quently affect soil fertility and lead to a patchy distri-
bution of grass layer species (Gea et al. 2009).
However, the very different nugget in RG and OG
shows that livestock management in the dehesa is a
key factor of this residual spatial autocorrelation. Live-
stock activity plays an important role in determining
soil structure and functioning of the upper horizons
(Peco et al. 2006; San Miguel 2001) by accelerating
the turnover of SOC. However, SOC stock values are
slightly higher in the RG than in the OG plot, both
beneath and beyond the tree crown projection
(Fig. 5). Given similar soil fertility, grazers promote
more productive grass communities, both in dehesas
(San Miguel 2001) and other savannah ecosystems
(Veblen 2012). Thus, grazers favour the development
of communities comprising species which perform
better under non-intensive grazing management (San
Miguel 2001) (Sysymbrietaliae in RG vs. Tuberarietalia
in OG), which may lead to higher SOC stocks. It is
possible, however, that the higher stocking rate is also
responsible for the greater range of autocorrelation of
SOC levels in RG, since livestock both transport
and redistribute nutrients, expanding the area of
influence of the tree and its effect of enhancing C inputs
to the soil.
Conclusions
Our research highlights the positive correlation be-
tween tree presence and SOC stocks up to distances
of 8 m from the trees; roughly a crown radius distance
beyond the dripline. The effect of the trees on SOC
absorbed 30 % of the variance in the Universal Krig-
ing model. The residual variance of the SOC displayed
a much more pronounced spatial structure under regular
grazing conditions, where the nugget effect was almost
negligible and the autocorrelation range extends up to
11.3 m, while under occasional grazing conditions, the
autocorrelation range was 7.6 m and the non-spatially
structured variance absorbed more than 50 % of total
variance. Tree crown projection was the main mecha-
nism leading to higher SOC stocks in this dehesa, likely
due to changing environmental conditions beneath the
tree cover.
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